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METHODS & IMPLIMENTATIONS
Masked Q-Learning:

Reward Shaping:

Goal Reward:
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PROBLEM FORMULATION RESULTS:

Formulate it as MDP for Single Environment
Graph (Single EG): Masked PPO: Graph Nodes 2 Agents 3 Agents 4 Agents
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Table 1: Solution times for 2, 3 and 4 agents using JSG, Q-learning and PPO in single EG

Formulate it as MDP for Multiple Environment
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Plots 1: Optimality vs Time for JSG, PPO and Naive in Single EG.
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Plots 2: Optimality vs Time for JSG, PPO and Naive in Multiple EGs.

29



